The performances of different types of banks may vary due to heterogeneous technology, which can be examined by metafrontier analysis. However, the metafrontier constructed in most existing literature is concave, resulting in a biased estimation of efficiency. Based on 93 Chinese commercial banks over the period of 2005-2016, we first evaluate the banking efficiency by using the proposed data envelopment analysis (DEA) model, NCMeta-US-NSBM, which simultaneously incorporates a non-concave metafrontier technique, undesirable outputs, and super efficiency into a network slacks-based measure (NSBM) model. Subsequently, the evolution of banking efficiency during the study period is investigated on the basis of the Dagum Gini index and kernel density estimation methods. The main empirical results show the following. 1) There exists significant disparity/heterogeneity in banking efficiency for overall efficiency, productivity efficiency, and profitability efficiency. 2) The results of the technology gap ratio (TGR) and the evaluation of stated-owned banks (SOB), joint-stock banks (JSB), and city commercial banks (CCB) in the productivity stage are higher than those in the profitability stage, indicating that most of the banks have a large space for improvement, especially for SOB and JSB in the profitability stage.
Introduction
The improvement of the performance of commercial banks is of great significance for the rational use of financial resources and the enhancement of the comprehensive competitiveness of China's banking industry. This improvement leads to considerable progress and the development of commercial banks. Intuitively, the efficiency evaluation of banks in China plays a vital role in providing policy implications to managers and decision-makers. Issues related to banking efficiency have long been emphasized in the literature, wherein financial ratio analysis [1] , data envelopment analysis (DEA) [2] , stochastic semi-nonparametric envelopment of data indivisibility of technology proposed by Tone and Sahoo [59] . In such cases, it is necessary to extend the concave metafrontier analysis to a non-concave metafrontier one. Based on the need to include the abovementioned issues in the DEA analytical framework, we propose an innovative measurement approach that incorporates a non-concave metafrontier and undesirable outputs into a slack-based network DEA model (NCMeta-US-NSBM), providing more accurate results and evidence when banking efficiency is estimated. To the best of our knowledge, this is the first paper to consider a non-concave metafrontier, super efficiency, and undesirable outputs in a network SBM framework. The strength of the NCMeta-US-NSBM (compared to traditional DEA models) is its comparability treatment of efficiency of the same DMUs in different years due to possible unobserved exogenous technical changes and the ranks of the efficient DMUs on the efficient frontier.
Methodology

The proposed model
Assuming that the number of observed DMUs (banks) is N and they can be divided into G (G>1) groups in terms of heterogeneous factors, each group contains N g DMUs and Production possibility sets. The production possibility sets of the productivity and profitability stages can be given by Eqs (1) and (2 
Stage Stage
A function that is homogeneous of degree 1 is said to either have constant returns to scale or neither economies or diseconomies of scale. A function that is homogeneous of a degree greater (less) than 1 is said to have either increasing (decreasing) returns to scale or economies (diseconomies) of scale, known collectively as variable returns to scale. If the production function is not homogeneous, the returns to scale can still be determined by summing the respective ratios of the marginal to average products. Holod et al. [60] suggested that the assumption of variable returns to scale (VRS) was a better alternative to constant returns to scale (CRS). Moreover, the performance of the efficiency scores obtained by the assumption of VRS is better than that of the assumption of CRS [61] . Thus, we first estimate the banking efficiency under the assumption of VRS. Specifically, the network production technology of the group frontier g 0 (g 0 = 1,2,Á Á Á,G) under the assumption of VRS can be expressed as follows:
Similarly, the network production technology of the overall DMUs, with respect to the concave metafrontier, under the assumption of VRS assumption can be expressed as follows: . Tiedemann et al. [58] introduced a non-concave metafrontier (piecewise part of bold form in Fig 2) that enveloped those input-output combinations that are part of the technology set of at least one of the technologies, eliminating the area labeled 'Infeasible Input-Output combinations.' They also provided a two-step procedure to estimate a non-concave metafrontier. More details can be found in Huang et al. [62] . This may ensure that the TGR in different stages under the network framework lies in (0,1].
Meanwhile, the TGRs of some DMUs in different stages are greater than unity when considering the concave frontier since it contains the area labeled 'Infeasible Input-Output combinations', thus resulting in incorrect and irrational estimations. Following Tiedemann et al. [58] and Huang et al. [62] , we extended the non-concave metafrontier to a network framework, which is expressed as follows: input/output slacks (i.e., it cannot provide detailed information regarding the inefficiency of a specific input/output). As indicated by Tone [63] , slack-based measures used as non-radial measures can directly address the 'input excess' and 'output shortfall' problems, where the objective function value can be interpreted as the ratio of mean input and output mix inefficiencies. Slack-based measure approaches can effectively explore the sources of inefficiency behind the operational process of each bank from this point of view. In this subsection, we mainly focus on the proposed model NCMeta-US-NSBM, which simultaneously incorporates the non-concave metafrontier technique, super efficiency, and undesirable outputs into the network slack-based measure model.
Assume that N DMUs (n = 1,2,Á Á Á,N) consist of K divisions (stages). Let M k be the number of original inputs, R k and J k respectively stand for the number of final undesirable and desirable outputs of division, and let Q k be the number of intermediate products (k = 1,2,Á Á Á,K). Denote the link leading from division (k−1) to division k by (k−1,k) and the set of links by L. The observations are fx
demonstrates the outputs from (k−1) and the inputs to k.
With the group frontier and metafrontier defined, we can measure bank efficiency by a Group-US-SBM model by considering the undesirable outputs and super efficiency in the SBM model with respect to the group frontier. The optimal objective value for the oth DMU in group g
under the group frontier is estimated as:
The same applies for the oth DMU in group g 0 (o = 1,2,Á Á Á,N g 0 ; g 0 = 1,2,Á Á Á,G) under the concave metafrontier, which is estimated as:
For a two-stage (two-division) bank production procession (that is, K =2), the bad outputs (such as NPLs) are part of stage 2 instead of stage 1. Accordingly, we can also define the divisional efficiency score of each stage with respect to the group frontier as follows:
where the slack variables with the superscript " Ã " denote the optimal slacks of model (8) in the corresponding stages.
The same applies for a concave metafrontier. The divisional efficiency score of each stage is computed as follows:
where the slack variables with the superscript " Ã " denote the optimal slacks of model (9) in the corresponding stages.
The technology gap ratio (TGR) based on the optimal objective values r can be computed as follows:
The TGR with respect to each stage under a concave metafrontier is given by: ) are the slacks of the inputs, desirable outputs, and undesirable outputs with respect to group frontiers (concave metafrontier and non-concave metafrontier), respectively. The term ε is non-Archimedean infinitely small, and the corresponding constraint ensures that the denominator in the objective function is greater than zero. For the sake of considering the continuity of the production activities of the two stages, the linkage between the productivity stage and the profitability stage is added in the proposed models. Specifically, we have:
Considering a non-concave metafrontier, the divisional efficiency score of each stage is computed as follows:
where the slack variables with the superscript " Ã " denote the optimal slacks of model (8) can be computed as follows:
The TGR with respect to each stage under a concave metafrontier is given by:
Dagum's decomposition and Gini coefficient for subpopulations
The Gini decomposition method proposed by Dagum [64] can be used to describe the sources of between group disparity and the distribution of subsamples free from the influence of sample overlap. Eq (24) below can express it:
where y ji (y hr ) is the efficiency score of a bank in the group j(h), μ is the mean value of banking efficiency, n is the total number of banks, k is the number of groups, and n j (n h ) is the number of banks in the group j(h). The groups must be sorted by their average banking efficiency using Eq (25) before performing Dagum's decomposition:
The Gini coefficient can be decomposed into three components according to Dagum's approaches. 1) The contribution of differences within groups G w (i.e., the spatial differences between the banking efficiency within groups) refers to such differences between groups within SOB, JSB, FB and CCB in China in this study.
2) The contribution of differences between groups G nb (i.e., the bank efficiency differences between groups) refers to such differences between SOB, JSB, FB and CCB in this study.
3) The contribution of the intensity of transvariation G t is the overlapping contribution of banking efficiency between groups. The components satisfy G = G w + G nb + G t . G jj is the Gini coefficient within group j. G jh is the Gini coefficient between groups j and h. Then, the contribution rate of G w , G nb and G t can be calculated as
where p j = n j /n, s j ¼ n j Y j =nY , and j = 1,2,Á Á Á,k. D jh is the relative contribution rate of banking efficiency between groups j and h. d jh is the difference of the contribution rates of banking efficiency between groups (i.e., the weighted average of all samples with y ji − y hr > 0 in groups j and h). p jh is the first-order moment of transvariation (i.e., the weighted average of all samples with y hr − y ji > 0 in groups j and h). where F j and F h are the cumulative density distribution functions of groups j and h, respectively.
Kernel density estimation
Kernel density estimation (KDE) is an important approach to nonparametric estimation. It describes the general distribution of a random variable using a continuous density curve obtained by estimating its probabilistic density [65] . Specifically, suppose x 1 ,x 2 ,Á Á Á,x n are samples from a continuous population X. Then, the KDE for the population density function f(x) at any point x can be defined as:f
where K(Á) is the kernel function, and h is the bandwidth. Since the shape of the kernel function has little effect on the accuracy of the estimation result, this study bases its estimation on the Gaussian kernel function [66] :
Empirical analysis
Data sources and variable descriptions
The datasets used in this paper include 93 commercial banks from China's mainland taken from the Bureau van Dijk (BvD) (Bankscope) over the period of 2005-2016. The appendix includes a sample list. Following previous studies [2, 57] , we use three inputs: fixed assets (fixed_asset), equity (equity), and personnel expenses (personnel_expenses). The deposits (deposits) are treated as intermediates in the two-stage network DEA framework. The desirable outputs are gross loans (gross_loans) and other earning assets (other_earning_assets). Non-performing loans (NPLs) are an undesirable output. All financial data are deflated using the GDP deflator with a base = 100 in 2005. The descriptive statistics of all inputs, intermediates, and outputs are summarized in Table 1 , which reveals that significant differences exist among banks. Evaluation and evolution of bank efficiency. Different groups may reflect different productivity performances, and the efficiency scores may vary among different banks. As reported in Table 2 , on average, the pooled descriptive statistics of overall efficiency indicate that SOBs perform the best, followed by JSBs, and the FBs are the worst. However, the productivity efficiency of the JSBs is the highest, followed by SOBs, and the FB's is the smallest. Meanwhile, the controversy rank can be found in the profitability stage. Thus, for different bank types, the efficiency development is unbalanced, especially for FBs and CCBs, with respect to a non-concave metafrontier. Table 3 presents both a paired t-test and a sign rank test that show that there are significance differences among the four groups in different stages. Consequently, it is necessary to consider heterogeneity when measuring banking efficiency.
In terms of the overall efficiency, the TGR of the JSB group is highest at 0.9995, FB comes in second at 0.9982, SOB comes in third at 0.9280, and CCB is the lowest at 0.9012. The metafrontier implies the potential payoffs from the meta-technology for each heterogeneous group SOB, JSB, FB and CCB represent state-owned banks, joint-stock banks, foreign banks and city commercial banks, respectively. Fig 3 displays the sources and contribution rates of the overall difference in the four groups. Since we mainly focus on the evaluation and evolution of bank efficiency with respect to the non-concave metafrontier, we do not provide the evolution of the banking efficiency with respect to the group frontier and TGR. From 2005 to 2016, the contribution rate of the between group differences and the intensity of transvariation showed a fluctuating tendency, while the within group differences had a contribution rate that was stable. The curve of the intensity of transvariation was always the highest, thus making it the major source of the overall differences in banking efficiency in mainland China. For overall efficiency, productivity efficiency and profitability efficiency, the gap between the group differences and the intensity of transvariation decreased until 2007 and then increased after 2007. However, the contribution rate of the intensity of transvariation is stable and at a lower rate (smaller than 20%) for each type of efficiency. Generally, the basic characteristics of the kernel density curve have similar shapes for the overall efficiency, productivity efficiency and profitability, including the shape of the curve, the location of the curve and the peak values. More importantly, the central point of the density function is located at approximately 0.5, indicating that the level of banking efficiency is not very high overall. In addition, there is one major peak value and the interval of the variation changed little. This indicated that the banking efficiency presents a trend of polarization and the group differences changed little from 2005 to 2016. With regard to the overall efficiency (productivity efficiency and profitability efficiency are similar), we specifically get the following.
Peak values and numbers. From 2005 to 2016, the peaks of the distribution curve showed an increasing trend. The increase of a peak's corresponding area indicates an increase in each bank's efficiency in the period. There are a prominent peak and a side peak in 2005, thus indicating that there are significant differences in the banking efficiency in China. In addition, there are a prominent peak and more than one side peak since 2008, thus showing that the multilevel differentiation phenomenon of bank efficiency appears compared to the initial period.
Shape of the curve. The tail of the banking efficiency distribution in China becomes longer over time, thus indicating that the gaps in banking efficiency among different groups are gradually increasing during the study period.
Conclusions and directions for further research
The primary concerns of this paper are the evaluation and evolution of banking efficiency in China over the period of 2005-2016. On the one hand, considering a non-concave First, the statistical analysis shows that the disparity of efficiency occurs in banks in terms of the average level. Therefore, the efficiencies of different bank types are unbalanced. For the overall efficiency, SOB and JSB perform better than FB and CCB. The same conclusion can be found in the productivity stage, but a controversial result is obtained in the profitability stage. Second, both a paired t-test and a sign rank test show that there are significance differences among the four groups for overall efficiency, productivity efficiency and profitability efficiency. Third, the results of the TGR evaluation of SOB, JSB, and CCB in the productivity stage are higher than are those in the profitability stage, indicating that most of the banks have a large space for improvement, especially for SOB and JSB in the profitability stage. Finally, although the kernel density estimations for different efficiency scores have similar distributions in corresponding years, the multilevel differentiation phenomenon of bank efficiency may appear after 2008.
For further research studies, our NCMeta-US-NSBM can be extended to measure and compare productivity changes for banks in different groups under the framework of the Malmquist-Luenberger productivity indicator. With the same metafrontier, these indicators are comparable and can provide insightful information. More specifically, they can show whether productivity change is driven by technological change or efficiency change, which has different implications for managers and policymakers. Essentially, the production process of banking industry may be treated as a complex network or dynamic rather than a two-stage mode or static, and it is a far-reaching attempt to introduce the complex network analysis [67] into the measurement of bank efficiency. 
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